In computed tomographic colonography ͑CTC͒, a patient will be scanned twice-Once supine and once prone-to improve the sensitivity for polyp detection. To assist radiologists in CTC reading, in this paper we propose an automated method for colon registration from supine and prone CTC scans. Methods: We propose a new colon centerline registration method for prone and supine CTC scans using correlation optimized warping ͑COW͒ and canonical correlation analysis ͑CCA͒ based on the anatomical structure of the colon. Four anatomical salient points on the colon are first automatically distinguished. Then correlation optimized warping is applied to the segments defined by the anatomical landmarks to improve the global registration based on local correlation of segments. The COW method was modified by embedding canonical correlation analysis to allow multiple features along the colon centerline to be used in our implementation. Results: We tested the COW algorithm on a CTC data set of 39 patients with 39 polyps ͑19 training and 20 test cases͒ to verify the effectiveness of the proposed COW registration method. Experimental results on the test set show that the COW method significantly reduces the average estimation error in a polyp location between supine and prone scans by 67.6%, from 46.27Ϯ 52.97 to 14.98 mmϮ 11.41 mm, compared to the normalized distance along the colon centerline algorithm ͑p Ͻ 0.01͒.
I. INTRODUCTION
Colon cancer is the second leading cause of cancer-related deaths in the United States, with 154 000 new cases and 52 000 deaths in 2007. 1 Computed tomographic colonography ͑CTC͒ allows relatively noninvasive detection of colorectal polyps and cancer screening. 2, 3 When CTC is performed in conjunction with computer aided detection ͑CAD͒ software, screening may become less time-consuming, and more potentially accurate for the radiologists. [4] [5] [6] [7] [8] [9] In CTC, a patient will be scanned twice-Once supine and once prone-to improve the sensitivity for polyp detection ͑Fig.
1͒. This increases CTC sensitivity by improving visualization of polyps that are located on one scan in uninterpretable collapsed or fluid-filled segments, and reducing false positives such as those due to residual stool, inadequate distention, and segmentation artifacts. 10, 11 Because the colon moves between the prone and supine scans, colon registration is a challenging problem. One way to reduce the complexity of the problem is to register the centerlines of the prone and supine scans. To make full use of shape information of the colon for registration, Nain et al. 12 proposed a centerline registration algorithm based on dynamic time warping ͑DTW͒ and colon distension along the centerline. They showed encouraging results for synchronized virtual colonoscopy. Nappi et al. 13 proposed a regionbased supine-prone correspondence method to reduce false positive CAD polyp candidates in CTC. Li et al. 14 proposed a heuristic algorithm for the colon centerline registration by employing the coordinate information of the centerline. To assist radiologists in CTC reading, in this paper we propose an automated method for colon registration based on correlation optimized warping ͑COW͒ ͑Ref. 15͒ and canonical correlation analysis ͑CCA͒.
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II. EXISTING METHODS
In this section, we introduce the normalized distance along the colon centerline ͑NDACC͒ and DTW colon registration methods that can be found in the literature. These methods are described below and used as comparator methods in this study.
II.A. Normalized distance along the centerline
A straightforward method for matching CTC scans is the NDACC method. 18 The centerline distance is the distance from a point on the colon centerline to the starting point of the colon ͑cecum or rectum͒ measured along the centerline. Considering that the colon may have some shape deformation based on localized stretching or contracting, the NDACC method maps the centerline distance to ͓0, 1͔ and uses normalized distance for matching prone and supine CTC scans. For example, if we use polyp location as a measure for the match evaluation, then the NDACC match error is defined as match error prone = NDACC supine ϫ Length prone − NDACC prone ϫ Length prone , match error supine = NDACC prone ϫ Length supine − NDACC supine ϫ Length supine , where Length prone and Length supine are total lengths of colon ͑cecum through anorectal junction͒ measured in prone and supine CTC scans, respectively.
II.B. Dynamic time warping
DTW is a widely used time series matching algorithm. 19 Given two one-dimensional time series which come from multiple measurements of a physical process or object under different conditions, DTW tries to find the maximum similarity between these two time series though nonlinear mapping. Let us assume that one time series is a target series T and the other a sample series P. DTW will map them to a common time axis F͓͗T͑k͒ , P͑k͔͒ ͉ k =1,2, ... ,K͘, where F is the mapping and K is the length of the common time axis.
Let us define d͓T͑k͒ , P͑k͔͒ as the cost or dissimilarity measure of a point pair, then the global optimization objective function can be expressed as
where w͑k͒ is a weighted factor for each point on the common time axis and d is the Euclidian distance between two points along the two time series, respectively. If w͑k͒ =1, k =1,2, ... ,K, then DTW returns the solution with the shortest path length. Here we view matching problem as finding a path in the grid defined by axes T and P. The shortest path length is the one when we cross the grid from the upper left corner to the lower right corner. For two identical time series, the shortest path is the diagonal of the grid because the matching cost ͑similarities between point pair of T and P͒ is lowest for the diagonal path. Since for two similar time series, the shortest path will deviate from the diagonal of the grid, we call such deviation "warping." In practice, we usually have certain limitations about the mapping F. For example, end points of the two time series are mapped to each other. We also have so called "local continuity constraints" of the form
where a and b are integers which will limit the extent of warping of the two time series. But in real applications, it is hard to determine the two parameters. It may vary patient by patient. So in the DTW method proposed by Nain et al., 12 they employed the distance along the colon centerline as a penalty item in the distance calculation. That means if two points along the colon centerlines of supine and prone scans have large difference regarding the centerline distance, then it will have less chance to be matched. In addition, since it is nonlinear mapping and considering that T and P may have different lengths, multiple points on one time series may be mapped to the same point on the other time series and vice versa. 
III. CENTERLINE REGISTRATION ALGORITHM
Our method contains two major steps. The first step extracts the centerline of the colon and calculates features that describe the centerline ͑distension, z-coordinate, and curvature͒. We utilized different feature combinations for canonical correlation analysis in order to find the optimal combination. The second step formulates the colon registration problem as a multiple time series matching problem that uses COW and CCA in combination with a priori knowledge of the anatomical structure of the human colon.
III.A. Centerline calculation and feature extraction along the centerline
We employed a subvoxel precise centerline extraction method, which utilized information of the colon outer wall to determine the colon centerline. 20 Initially, segmentation of the colon is performed to obtain a subvoxel representation of the colon. The discrete segmentation is used as an initial surface for a narrow band level set segmentation to more accurately determine the location of the colon inner wall and smooth the boundary between the air and fluid-filled regions of the colon. From the level set segmentation, a subvoxel distance field is computed using the fast marching method. The centerline of a colon is then computed based on the distance field.
In order to calibrate the two centerlines from different scans, we need to find effective and reliable features along the centerline which can describe the shape and appearance of the colon. We utilized three features: Distension, z-coordinate, and curvature in this study. In the DTW method proposed by Nain et al., 12 they used distension of the colon to calculate the distance between two scans. To compare with their method, the distension is measured as follows: First we compute progressive ring sets along the centerline. The ring sets are perpendicular to the centerline. The radius of the ring at a centerline point is used as the distension of the colon at that point. Besides distension, Li et al. 14 found that z-coordinates along the centerlines of supine and prone scans have morphological similarity, which can also be used for registration. In addition, we also utilized curvature of the centerline for matching because it encodes some topology properties of the colon centerline. The curvature of a 3D curve is defined as the curvature of its osculating circle at each point. These topology properties include the twist of sigmoid colon, hepatic flexure, splenic flexure, etc.
III.B. Correlation optimized warping algorithm
The COW algorithm was proposed by Nielsen et al. 15 to align chromatographic profiles for chemometric data analysis. Given two time series to be aligned, we designate one as the target series T and the other the sample series P. The sample series P has L P + 1 elements and total length L P ͑for equally spaced time series data and sampling resolution of 1͒. If we segment the whole series P into segments of uniform length m, then the number of sections N is given by N = L P / m. ͑With N, we can segment the target series T into N pieces at the same time, so both P and T have N sections.͒ Each segment will be stretched or compressed using linear interpolation in order to generate aligned time series A. The border points of segments are referred to as nodes and the position of the starting point of section i in the target series T is defined as x i . Note that x i is also the starting point of segment i in aligned time series A after warping. For each segment, a slack variable t ͑an integer͒ is introduced. The slack variable t determines the warping magnitudes of each segment by adjusting the border nodes of each segment. The actual warping of section i is called u i ͑which is limited by the slack variable t͒. If there is a large difference between the length of time series T and P, then warpings are limited to fall in the interval ͑⌬ − t ; ⌬ + t͒, where ⌬ is the difference of section length between T and P ͑L T is the length of target series͒:
To show how good the warping is for each section, we utilize the correlation coefficient between the two corresponding segments of series T and A as the measure of alignment quality f͑I͒: f͑I͒ = ͑I T , I A ͒, where I denotes the Ith segment. Segment alignment quality f͑I͒, which is also called the benefit function, defines the local alignment quality for each section. Our goal is to find the global optimal alignment between the entire series P and T. In order to achieve this, we must find an optimal combination of warpings of all segments as determined by the node positions in the aligned series A. The optimization problem can be formulated as follows: The optimization problem shown above is a combinatorial optimization problem and can be solved by dynamic programming. More specifically, the algorithm is based on a matrix F whose size is ͑N +1͒ ϫ ͑L T +1͒ and contents are the benefit function values. All the elements in F are initialized as minus infinite, except F͑N +1,L T +1͒, which equals zero and indicates that the last points of T and P are aligned. During the backward optimization process, each element in F is replaced by the accumulative benefit function
The global optimization value can be achieved at
III.C. Canonical correlation analysis
The original COW algorithm can only align two onedimensional time series. That means we can use only one feature of the centerline for alignment. However the centerline can be characterized by multiple different features. These features may have some complementary effects and combining them together may lead to better alignment. For example, the z-coordinate feature can only characterize the height of the centerline but adding centerline shape informa-tion from its curvature may improve registration. To make full use of the features extracted along the colon centerline, we embed canonical correlation analysis, 16 which is a way of computing cross-covariance matrices for two groups of random variables with the correlation-based COW algorithm for extending the algorithm to multiple time series. Assume 
III.D. Border points localization based on anatomical structure of the colon
In the COW algorithm introduced above, the time series are divided into segments of uniform length. In other words, the border points or nodes along the time series are determined arbitrarily. However, the colon has a known anatomical structure that allows us to set constraints on the nodes. For example, two flexures ͑splenic and hepatic͒ and two junctions ͑rectum-sigmoid and sigmoid-descending͒ play important roles in the segmentation of the colon. 21 These four anatomical landmarks can serve as border points or nodes ͑Fig. 2͒. In particular, the shapes of the splenic and hepatic flexures tend to be preserved between the supine and prone scans and are therefore more reliable landmarks. So in this study we did not adopt the original implementation of COW with uniform segments. Instead, we used the four anatomical landmarks as border points which lead to colon centerline segments with different length. In Fig. 2 , we show CT slices which contain detections of landmarks. We mapped these detections to the colon centerline based on the minimum Euclidean distance between a detection's centroid and centerline points. By utilizing these anatomical landmarks, we can define more natural segments of the colon automatically and apply the COW method to the segments between the anatomical landmarks.
IV. CTC DATA SET AND EVALUATION METHODS
IV.A. CTC data set
Our institution's OHSR declared this project to be exempted from IRB review. Our data set consisted of CTC examinations of 39 patients collected from three medical centers. We split patients into training and test sets which contained 19 and 20 patients, respectively. Each patient was scanned in the supine and prone positions. Each scan was done during a single breath-hold using a four-channel or eight-channel CT scanner. CT scanning parameters included 1.25-2.5 mm section collimation, 15 mm/s table speed, 1 mm reconstruction interval, 100 mAs, and 120 kVp. Each patient had one or more polyps. We randomly selected one polyp from each patient for comparison of matching error of different registration methods. These 39 polyps measured 6-25 mm in size. The polyps were confirmed by both tradi- tional optical colonoscopy and virtual colonoscopy. The histologic diagnoses of these polyps were either hyperplastic or adenomatous.
IV.B. Evaluation of centerline registration
To evaluate the registration quality, we calculated the warping error along the centerline. It is difficult to define registration ground-truth along the entire colon because the movement of the colon between scans introduces both local stretching and compression. In this paper, we use a point evaluation strategy ͑the polyp position͒ to evaluate the calibration quality. We have the ground-truth information of the colonic polyps, which were confirmed by optical colonoscopy and radiologists. A polyp's position along the centerline can be computed by finding the minimum distance between the polyp's position on the colonic wall and the points along the centerline. After the warping, we map the polyp's supine centerline position to the prone centerline and use the difference of the centerline distances between prone point and estimated supine point on the prone centerline as the warping error. The centerline distance is defined as the distance of a point on the centerline to the centerline starting position at the rectum measured along the centerline. To evaluate the effectiveness of the proposed COW method, we compared it to the NDACC method 18 and to the DTW method. We utilized distension information for matching prone and supine CTC scans as proposed by Ref. 12 in the DTW implementation. To compare the performance of different methods on the CTC data set, we used the Wilcoxon signed-rank test. Table I shows the estimation error of polyp position along the centerline for the three methods on the training set. NDACC, DTW, and COW achieved the lowest estimation error on two, four, and 13 polyps, respectively. The statistical analysis from Table II shows that COW improves supineprone registration significantly compared to NDACC and DTW with DTW and NDACC showing no significant difference at significance level 0.05. Comparisons of the three methods on the test set are shown in Tables III and IV. NDACC, DTW, and COW achieved the lowest estimation error on seven, one, and 12 polyps, respectively. On the test set COW again showed significant improvement compared to the other two methods. Using COW, the estimation error of polyp location could be reduced by 67.6% compared to NDACC. The test set was more challenging than the training set for NDACC and DTW, which achieved far worse matching errors compared to those on the training set. In contrast, COW showed greater consistency on the two data sets suggesting that this new method may be more robust than the other methods we evaluated in this study.
V. EXPERIMENTAL RESULTS
V.A. Comparisons of NDACC, DTW, and COW on the CTC data set
V.B. The effects of different features and their combinations for colon centerline registration
One may ask that, since we have three features available to describe characteristics of the colon along the centerline, how would the performance of DTW and COW differ if we utilize different features or feature combinations. To answer these questions, we first tested DTW methods with different features: z-coordinate, curvature, and distention. In Table V , we listed matching errors of polyp locations when different features were utilized in the DTW algorithm on the training set. Table V shows that by utilizing z-coordinate features, DTW achieves significantly better registration effect compared to that of DTW using the distension feature or curvature feature alone based on the Wilcoxon signed-rank test ͑see Table VI͒. Our results suggest that the z-coordinate feature may be a more powerful single feature than distension or curvature for colon CTC scan registration. Note DTW using distension did achieve the lowest registration error on five polyps indicating that distension does work well for some subset of cases. However, we do expect the distension feature to be less consistent compared to the z-coordinate for all colon sections because of the variation in distension caused by the movement of gas inside the colon between the two scan acquisitions. We also found that the curvature feature and the distension feature show no significant difference for the colon centerline registration. Because of the movement of colon between supine and prone scans, the curvature of the colon centerline, especially the transverse colon ͑please see Fig. 1͒ , will change a lot, which makes it a weak feature for registration. We also tested the COW method with CCA using different feature combinations. In Table VII , we listed all four possible combinations of the three features. COW using z-coordinate and curvature feature combination achieved the best performance of the four combinations. The Wilcoxon signed-rank tests in Table VIII show that feature combination Z + C is significantly better than feature combination D + C at significance level 0.1. It is not surprising that it is a little bit worse if we utilize all three features because the distension feature may introduce noise for canonical correlation analysis on some patients. In addition, we show results of COW with z-coordinate feature only in Tables VII and VIII. We can find that by introducing the curvature information, COW Z + C achieved lower matching error of colonic polyp and smaller standard deviation compared to COW Z, which shows that it is more accurate and consistent. In this study we only considered three features of the colon centerline. But the proposed registration framework can be applied to other centerline features. In future studies, if we can discover new features and more efficient feature combinations compared to the feature combination of z-coordinate and curvature, we may see more accurate registration results.
V.C. Correlation analysis for the COW method
In order to verify that the COW method leads to higher correlation between prone and supine centerlines, we show the first pair of canonical variables from prone and supine centerlines of a patient with/without our matching method in Fig. 3 . This figure shows that after centerline COW registration, the two canonical variables are better aligned than before registration. The figure also shows similar shapes for the canonical variables after alignment. An example of this is seen with the removal of the spikes in the prone canonical variables ͓see Fig. 3͑a͔͒ with COW. These noise spikes are related to curvatures from the prone scan. They are removed in Fig. 3͑b͒ because CCA finds a direction which contains more common characteristics of the two scans after alignment.
V.D. Optimization of the anatomical landmarks
In the colon registration method proposed, anatomical landmarks play an important role in dividing the colon centerline into segments. These anatomical landmarks are relatively stable between prone and supine scans compared to the movement of other parts of the colon. Such stability improves the registration of prone and supine scans. However, these landmarks may not be detected correctly in all patients. In such situations, COW embedded with CCA provides an effective way to optimize the locations of the landmarks. To show the effectiveness of landmark optimization, we compared the proposed registration method to that without landmark optimization. In landmark registration without optimization, one first segments the colon centerline using the anatomical landmarks and then matches the segments using linear interpolation based on the distance along the colon centerline segment. Experiments on the training set show that the average matching error of the landmark registration method is 34.31 mmϮ 36.98 mm ͓95% C.I. ͑16.49 mm 52.13 mm͔͒. The Wilcoxon signed-rank test shows that it is significantly lower performance than the COW method ͑p Ͻ 0.01͒ and validates the use of landmark optimization in our COW implementation.
V.E. Tolerance to colon centerline errors
Colon centerline extraction is a key component in all three methods: NDACC, DTW, and COW. A bad centerline may introduce significant error during the matching process of colon CTC. Examples of incorrect centerlines include over extension of the centerline into the small intestine or rectal tube. 18 When this is the case, all the features extracted from the centerline will be affected which can introduce significant bias. In Fig. 4 we show an example of overextension of the colon centerline into the small intestine. In our experiments, we correct this error by removing the extra centerline manually. For NDACC, the matching error was reduced from 170.61 to 56.29 mm after the correction. Contrary to the result of NDACC, the proposed method still achieved a low matching error of 10.05 mm on this problematic case without correction. The matching error of COW on this polyp is 0 mm after correction. After further examination, we found that the polyp of this patient is located in the transverse colon. Since our method is based on linear interpolation between colon segments, which are defined by the four anatomical landmarks, it has certain tolerance of centerline error if the centerline errors occur in other colon segments.
We identified four patients with such centerline problems and COW worked well on these cases without centerline correction. We list matching errors of NDACC, DTW, and COW on the four cases with/without centerline correction in Table IX . It can be seen that COW was affected less compared to the other two methods on these problematic cases, which shows that it has certain tolerance to the colon centerline error. 
VI. DISCUSSION
In this paper, we proposed an automated method for colon registration. Four anatomical salient points on the colon were first automatically identified as landmarks along the central path of the colon. Correlation optimized warping was then applied to the segments defined by the anatomical landmarks to improve global registration using local correlation between segments. The original COW algorithm only aligns one-dimensional time series. To make full use of the features extracted along the centerline, we extended this algorithm to handle two-dimensional time series by embedding canonical correlation analysis to compute cross-covariance matrices for two groups of random variables. We tested the algorithm on a CTC data set of 39 patients with 39 polyps that were confirmed by optical colonoscopy. Experimental results on the test set show that our method reduced polyp location estimation error between supine and prone scans by 67.6% compared to NDACC ͑p Ͻ 0.01͒. Experimental results show that the z-coordinate was more powerful than curvature and distension for the colon registration. For COW, the combination of z-coordinate and curvature achieved the lowest match error compared to all other feature combinations we evaluated. The proposed method is tolerant to centerline errors because anatomical landmarks help prevent the propagation of errors across the entire colon centerline.
Our registration method matches the colon centerlines point by point using centerline features. Nappi et al. 13 proposed a region-based supine-prone matching method without centerline extraction. In this method, a colon is initially separated into several pieces. Then a directional breadth-first region-growing is applied to the colonic lumen of each segment. They record the Euclidean 3D distance traversed from the starting point and call it lumen distance. The final registration is based on the lumen distance. The advantage of their method is that it does not rely on the colon centerline. So it will not be affected by the centerline extraction error. Like our method, they also utilized anatomical landmarks to segment the colon at the initial registration stage. The difference in the two methods is that we simplify the problem of colon matching to centerline matching and the method of Nappi et al. 13 matches colon segments using distance derived from region-growing process in 3D space. One important issue of the region-based supine-prone matching method is that it requires the colon to be fully distended between two consecutive landmarks. But as we know for some patients, the colon may have significant deformation between prone and supine scans. For example, the distension of the colon may change because of the movement of gas bubble between supine and prone scans. Such change in the distension of the colon may have significant influence on the region-growing processes in prone and supine scans and result inaccurate matching of the colon lumen. In extreme situations, when some parts of the colon are missing in one scan because of collapse of the colon or segmentation issues, the region-growing based method may fail to find correct matching. On the contrary, our COW method can still be effective by estimating centerline of the missing colon part.
Li et al. 14 proposed a colon centerline matching method based on the z-coordinate feature. The key idea of their method was to find local extreme points along the colon centerline and match these points using a heuristic algorithm. The local extreme points are local minimum or maximum points of the centerline feature. They reported similar matching error ͑12.66 mm͒ as ours on a data set with 24 patients, which is consistent with our finding that z-coordinate is more powerful for the colon matching than the other distension and curvature centerline features we evaluated in this study. A potential drawback of the method of Li 14 is that when faced with a complicated colon that includes many local extreme points or the colon has significant shape deformation in supine and prone scans, it tends to give erroneous matching result. In addition, their method did not utilize the anatomical information of the human colon and treated the colon as a whole. Such matching strategy makes it more and more complex as the colon becomes longer and more complicated regarding to the shape. On the contrary, our method utilized the four anatomical landmarks and matched the colon segment by segment under the constraint of global alignment quality. Such "divide and conquer" strategy can reduce the complexity of the matching problem and was proved to be effective.
As we showed in the previous section, the method proposed by Nain et al. 12 using DTW and distension feature of the colon had bigger registration error compared to that of the proposed COW method. The key problem of their method is that the distension feature of the colon is not a reliable feature. It depends on some random factors such as shape deformation and gas bubble movement between supine and prone scans. It also does not utilize the anatomical structure of the colon and can only handle one-dimensional time series. The advantage of the method of Nain 12 is that it is relatively simple and faster compared to our method.
The COW method we have proposed is a general registration method that can be integrated into any computer aided diagnosis ͑CAD͒ or CTC analysis system. It has many potential applications including 1. Synchronization of supine and prone colon fly-through of computed tomographic colonography 2. Estimation of polyp candidate location in the other view once radiologist finds a suspicious polyp in one view 3. False positive reduction before the final classification stage of a CAD system
In conclusion, in this paper we propose a new and effective colon centerline registration method for prone and supine CTC scans using COW and CCA based on the anatomical structure of the colon.
